Depending on the chemical and the outcome, prenatal exposures to environmental chemicals can lead to adverse effects on the pregnancy and child development, especially if exposure occurs during early gestation. Instead of focusing on prenatal exposure to individual chemicals, more studies have taken into account that humans are exposed to multiple environmental chemicals on a daily basis. The objectives of this analysis were to identify the pattern of chemical mixtures to which women are exposed and to characterize women with elevated exposures to various mixtures. Statistical techniques were applied to 28 chemicals measured simultaneously in the first trimester and socio-demographic factors of 1744 participants from the Maternal-Infant Research on Environment Chemicals (MIREC) Study. Cluster analysis was implemented to categorize participants based on their socio-demographic characteristics, while principal component analysis (PCA) was used to extract the chemicals with similar patterns and to reduce the dimension of the dataset. Next, hypothesis testing determined if the mean converted concentrations of chemical substances differed significantly among women with different socio-demographic backgrounds as well as among clusters. Cluster analysis identified six main socio-demographic clusters. Eleven components, which explained approximately 70% of the variance in the data, were retained in the PCA. Persistent organic pollutants (PCB118, PCB138, PCB153, PCB180, OXYCHLOR and TRANSNONA) and phthalates (MEOHP, MEHHP and MEHP) dominated the first and second components, respectively, and the first two components explained 25.8% of the source variation. Prenatal exposure to persistent organic pollutants (first component) were positively associated with women who have lower education or higher income, were born in Canada, have BMI ≥25, or were expecting their first child in our study population. MEOHP, MEHHP and MEHP, dominating the second component, were detected in at least 98% of 1744 participants in our cohort study; however, no particular group of pregnant women was identified to be highly exposed to phthalates. While widely recognized as important to studying potential health effects, identifying the mixture of chemicals to which various segments of the population are exposed has been problematic. We present an approach using factor analysis through principal component method and cluster analysis as an attempt to determine the pregnancy exposome. Future studies should focus on how to include these matrices in examining the health effects of prenatal exposure to chemical mixtures in pregnant women and their children. Crown
Introduction
Exposures to environmental chemicals during early life, either in utero or during early stages of childhood development, can impact fetal development and child health and may even lead to or exacerbate chronic conditions (Gluckman and Hanson, 2004) . The rising rates of health problems such as infertility, autism, attention deficit and hyperactivity disorders, childhood brain cancer and acute lymphocytic leukemia, all thought to be associated with multiple causal factors, have further increased the interest in studying chemical mixtures (Bellinger, 2012) . Studies have reported associations between several individual chemicals (e.g., pesticides, bisphenol A (BPA), phthalates, polybrominated diphenyl ethers (PBDEs) and heavy metals) and child neurodevelopment outcomes (Bellinger, 2012) . Furthermore, other research suggests that many chemicals have similar mechanisms of action (e.g., endocrine disrupting effects) (Crofton et al., 2005; Kjeldsen et al., 2013) and exposure to multiple chemicals might have more than additive effects (National Research Council, 2008; Woodruff et al., 2011) . This concept of the "exposome", defined as the totality of human environmental exposures from conception onward, complementing the genome, has attracted growing interest in recent years (Robinson et al., 2015) . Varshavsky et al. (2016) used National Health and Nutrition Environment International 99 (2017) [321] [322] [323] [324] [325] [326] [327] [328] [329] [330] known as principal component analysis (PCA) is often used to reduce the dimension of the data and convert the raw data into linearly independent factor scores (Johnson and Wichern, 2007) . PCA has been applied in risk assessment (Agay-Shay et al. 2015; Robinson et al. 2015; Veyhe et al. 2015) . Another technique, called cluster analysis, can be used to assess similarities among subjects, such as similarities based on socio-demographic information. Such clusters could then be treated as independent variables for further association analysis between chemical mixtures and markers of disease risk or health outcomes. For example, nutritionists have incorporated cluster analysis to evaluate dietary patterns which reflect combinations of foods (i.e. mixtures) to identify individuals who may be at risk for certain health outcomes (Bailey et al., 2006; Funtikova et al., 2015; Clarke et al., 2015) . Cluster analysis is also common in environmental science studies (Lampa et al., 2012; Lalloué et al., 2015; Nordio et al., 2015; OBrien et al., 2014; Peng et al., 2016; Zhao et al., 2016) . Lampa et al. (2012) applied cluster analysis to the NHANES 2003 NHANES -2004 and the Vasculature in Uppsala Seniors (PIVUS) studies, respectively, to assess possible clustering of environmental chemical contaminants (37 chemicals from PIVUS and 18 from NHANES) and the results showed some stable clusters. Lalloué et al. (2015) collected 31 environmental indicators from the Great Lyon area in France at the census Block Group (BG) scale. Cluster analysis was used to assess the environmental burden experienced by populations and five BG classes were categorized. Nordio et al. (2015) used cluster analysis to group the 211 cities in the US that share common weather characteristics. In order to evaluate air pollution situations in major cities in China, Zhao et al. (2016) measured pollutants PM 2.5 , PM 10 , SO 2 , No 2 , CO and O 3 between 2014 and 2015 from 31 provincial capital cities. Cluster analysis was used to understand the pollution levels among cities. For each pollutant (PM 2.5 , PM 10 , SO 2 , No 2 , CO and O 3 ) data were collected from multiple time points and sites in each of the 31 cities. Subsequently, the cities were then grouped according to similar air pollution levels.
Traditional statistical methods have been utilized in environmental health in recent years but these advanced methods can only be used when their statistical assumptions are satisfied. Data-driven approaches would be proposed when the assumptions are violated. Cluster analysis using a Bayesian nonparametric approach and PCA were applied to estimates of dietary pesticide levels to identify the main mixture of pesticides to which the general population is exposed in France . The same dataset was also analyzed by the method of Nonnegative Matrix Factorization, which basically decomposed the matrix of individuals' consumption quantities; and PCA was used to examine the main mixture to which the French population was exposed and the connection between exposure and diet (Béchaux et al., 2013) . Herring (2010) examined the association between endometriosis and exposure to environmental polychlorinated biphenyl (PCB) congeners by multiple logistic regression considering Bayes shrinkage priors. Sun et al. (2013) summarize five statistical methods (classification and regression tree, supervised principal component analysis, least absolute shrinkage and selection operator, partial least-squares regression, Bayesian model averaging) for constructing multipollutant models and conduct a simulation study to assess the performance of these five models. Bobb et al. (2014) introduced Bayesian kernel machine regression to study mixture in which the health outcome is regressed on a high-dimensional exposure-response function of the chemical mixtures that is specified using a kernel representation. However, as these approaches are data-driven, the chemical mixtures developed using these methods may not always lead to results which are easy to interpret.
The Maternal-Infant Research on Environment Chemicals (MIREC) Study was developed to investigate the impacts of environmental chemicals on the health of pregnant women and their offspring and to identify vulnerable (exposed) subgroups within the population (Arbuckle et al., 2013) . The one-chemical-at-a-time approach provides insufficient knowledge about the human health effects of exposure to chemical mixtures (Braun et al., 2016) . In this study, we developed statistical criteria to examine the association between exposure to chemical mixtures and maternal socio-demographic characteristics. Our objectives were to (Agay-Shay et al., 2015) apply cluster analysis to identify sub-groups of pregnant women by their socio-demographic characteristics; (Ashley-Martin et al., 2015) apply PCA to first-trimester environmental chemical concentrations in blood and urine of pregnant women to search for patterns among the contaminants that are potentially highly correlated; and (Arbuckle et al., 2014) utilize these components together with cluster analysis results and hypothesis testing to identify the socio-demographic characteristics of pregnant women with high exposures to multiple chemicals. While many statistical approaches are available, we focused on commonly used techniques in an effort to produce interpretable results.
Methods

Study population and data collection
The MIREC pregnancy cohort study has been described previously (Arbuckle et al., 2013) . Briefly, approximately 2000 pregnant women were recruited in early pregnancy (b14 weeks) from prenatal clinics in ten cities across Canada between 2008 and 2011 and followed over the course of pregnancy and infant birth. Participants completed a detailed questionnaire covering socio-demographic details from which information on age, education, household income, parity, pre-pregnancy body mass index (BMI), country of birth and smoking status was extracted. The protocol for the MIREC Study was reviewed by multiple research ethics committees and all study participants signed informed consent forms.
Blood and urine samples were collected during the 1st trimester of pregnancy for chemical analyses. Chemicals considered in these analyses included metals (arsenic (As), lead (Pb), mercury (Hg), cadmium (Cd), manganese (Mn)), polychlorinated biphenyls (PCBs), organochlorine pesticides (OCs), and perfluoroalkyl substances (PFASs) measured in blood, as well as bisphenol A (BPA), organophosphate pesticides (OPs) and phthalate metabolites measured in urine.
Statistical analysis
To account for all seven socio-demographic variables (age, education, household income, parity, pre-pregnancy body mass index (BMI), country of birth and smoking status) simultaneously, we first performed a cluster analysis to categorize the pregnant women. As demographic variables were either discrete or continuous, the Gower distance was chosen to measure the similarities between subjects. The diana algorithm in software R (a divisive hierarchical clustering of the dataset) was used to perform the cluster analysis.
In order to maintain statistical reliability, chemicals with less than approximately 30% of samples below the limit of detection (LOD) were omitted from further analysis. For the remaining chemicals, values below the LOD were substituted by one half the limit of detection. Standardization was applied to convert the raw data into values without the unit of measurement, a step recommended for using PCA when the variance of the variables are heterogeneous (Johnson and Wichern, 2007) . Through PCA, we converted our raw data into independent factor scores based on factor loadings to examine the association between the factor scores and characteristics of the pregnant women. To illustrate the PC (principal component) scores, suppose the vector (x 1 , x 2 , ⋯ ,x 28 ) records the chemical concentrations of Mn, Pb, ⋯, beta-Hexachlorocyclohexane (B-HCH) for a single participant. The following equation
was then used to convert the chemical concentrations into a PC1 score for each subject. Each score is derived from this linear combination of the measured chemical concentrations. As demonstrated in the Results section, since the values corresponding to PCB118, PCB138, PCB153, PCB180, oxychlordane (OXYCHLOR) and trans-nonachlor (TRANSNONA) ( Table 5 ) are positive and higher than those seen for the other 22 chemicals, higher concentrations of these chemical substances would lead to higher PC1 scores. Similarly for the second component (PC2), the linear equation
was used to determine a PC2 score for each subject. Since the eigenvalues of PC2 corresponding to mono-(2-ethyl-5-oxohexyl) phthalate (MEOHP), mono-(2-ethyl-5-hydroxyhexyl) phthalate (MEHHP), and mono-2-ethylhexyl phthalate (MEHP) are negative and smaller than those of other chemicals, higher concentrations of these chemical substances would lead to smaller PC2 scores. Components were retained for further analysis if a component had an eigenvalue of at least one or at least 70% of the source variation was explained by the retained components. Then we examined the association between the factor scores (the response variables) and the pregnant women in terms of the socio-demographic characteristics and the clusters (the covariates). Continuous covariates were analyzed using linear regression, while ANOVA was applied to test for the association for discrete covariates. The aim of ANOVA was to determine whether there were significant differences among mean factor scores in terms of the characteristics of the participants and the clusters. If the ANOVA test was statistically significant, Tukey's honestly significant difference (HSD) test for multiple comparisons was then applied to test whether the pairwise differences of the mean scores were significantly different from zero. Regarding a continuous covariate, we fitted a linear regression model of the factor scores on maternal age and tested if the slope was significantly different from zero. The statistical analysis was performed using the R package version 3.1.1, and a significance level of 5% was assumed throughout.
Results
Concentrations of 28 chemicals out of 81 available chemicals were measured in the blood and urine samples from 1744 women. Table 1 summarizes descriptive statistics for the chemicals or their metabolites under study. These chemicals were found at detectable levels in approximately 70% of subjects, with lead (Pb) and manganese (Mn) detected in 100% of the women. Descriptive statistics for the 53 chemicals with higher percentages of non-detects are provided in the Supplemental material Table S1 . Table 2 presents frequency distributions of the demographic variables for the 1744 MIREC participants. Maternal age ranged from 18 to 48 years, with a median age of 32 years. Most women were in their first or second pregnancy, had completed postsecondary education, had high income and were born in Canada. Almost 6% of the participants were current smokers, while another 6% had quit smoking during pregnancy. Fig. 1 presents a heat map of the Pearson correlation matrix of the 28 chemicals. Note that the chemical names in the x-and y-axes are colored according to their class and the chemicals inside each rectangle are the ones that dominated the component (Table 5) .
Extreme values
When evaluating the chemical mixtures, some women were found to have extremely high levels of one or more chemicals. We identified a data point as an extreme value ("high level") if it was 100 times its interquartile range above the third quartile (if the threshold determined from this equation is b10, then 10 is used to identify an extreme value). Among the 1320 participants who were born in Canada, 3.17% had extreme values, while among the 324 participants who were born outside Canada, 6.79% had extreme values. Among 1479 pregnant women who were in their first or second pregnancy, 61 (4.12%) had extreme values; while among the 265 pregnant women who already had more than one child, only six (2.26%) had extreme values. Among the 105 pregnant women who quit smoking during pregnancy, eight (7.62%) had extreme values, while among those pregnant women who were non-smokers (n = 1063) and former smokers (n = 472), 40 and 8 (3.76% and 3.81%) had extreme values. Among 1744 subjects 55 women had one extreme high chemical level, 5 had two extreme high chemical levels and 5 had three extreme high chemicals levels. As a percentage, 3.73% (= 65/1744) of pregnant women had at least one extremely high chemical level while, among women with extreme values, 15.38% (=10/65) had more than one extreme chemical level.
Cluster analysis
The cluster analysis as shown in Tables 3 and 4 resulted in six clusters of the 1744 participants. Cluster 1 included women born in Canada with a high income and high education level; Cluster 2 included women born outside of Canada and with a pre-pregnancy BMI lower than 25; Cluster 3 included women born in Canada with a middle income level; Cluster 4 included women who were born outside of Canada and with a pre-pregnancy BMI at least 25; Cluster 5 included women born in Canada with a low income level; and, Cluster 6 included women born in Canada with a high income level and low education level.
PCA analysis
We retained eleven components (PC1-11), which explained approximately 70% of the source variation. Table 5 shows the eigenvectors of the corresponding 11 components after rotation. The first component (PC1) accounted for 15.03% of the source variance and is dominated by PCBs and other persistent organic pollutants (POPs). Table 6 provides results from the ANOVA and linear regression analysis and the corresponding p-values for hypothesis testing. For example, the PC1 scores appear to be heavily influenced by the level of education (p-value b 0.001), which indicates that at least one pair of PC1 mean scores among the education levels are significantly different. With the exception of PC2, most demographic factors are significant in terms of their mean PC scores (Table 6) . We, therefore, performed Tukey's HSD post-hoc tests to determine the differences among groups. The slope of the regression model of PC1 on maternal age is significant, which means maternal age is a good predictor for PC1 score. Table 7 provides results of the Tukey post-hoc tests for the high-organochlorines component (PC1). As the low-phthalate (PC2) component did not indicate any significant differences at a 5% level of significance, no further analysis was conducted. Hypothesis test results for PC3 through PC11 are provided in Supplemental material, Tables S2-S10. Table 7 shows that the mean PC1 scores for some educational groups were significantly different from each other, with "undergraduate degree vs. college diploma" having the smallest mean difference, and "graduate degree vs. high school or less" having the largest mean difference. Pregnant women in the highest income group tended to have a significantly higher mean score than those in the middle and low income groups; however, no significant difference was noted between pregnant women in the low and middle income groups. The PC1 scores are also influenced by the birthplace of pregnant women, with higher scores for those born in Canada. The only two significant differences with respect to pre-pregnancy BMI were found between the overweight (25 ≤ BMI b 30) and normal groups (18.5 ≤ BMI b 25) and obese (BMI ≥ 30) and normal groups. In addition, women who are pregnant for the first time (parity = 0) had a significantly higher mean score compared with those having one or more previous pregnancies. With respect to smoking status, significant differences were noted between current and never smokers, as well as between current and former smokers. Comparing the mean PC1 scores among the six clusters, the mean PC1 score of cluster 6 (born in Canada, high income, Note that the substitution was applied on bLOD observations. low education) was the highest, and was statistically higher than the mean scores of clusters 1 (born in Canada, high income, high education), 4 (born outside Canada, pre-pregnancy BMI at least 25) and 5 (born in Canada, low income). On the other hand, the mean PC1 score of cluster 4 was the lowest, and was statistically lower than the mean scores of clusters 1, 2 (born outside Canada, pre-pregnancy BMI b25), 3 (born in Canada, middle income) and 6. Other findings are briefly summarized as follows: PC8 is dominated by all OCs, PFOA and two metals (Pb and Cd) and associated with the variables of education level, household income, country of birth, parity, maternal age, and the cluster. PC9 is only dominated by the metal Cd and associated with the education level, household income, country of birth, pre-pregnancy BMI, smoking status and cluster. PC11 is dominated by organophosphate pesticide DMP and plasticiser mono ethyl phthalate (MEP) and only associated by the characteristics of the pregnant women in terms of smoking status. The slope of the regression model of PC4, PC5, PC6 and PC8, individually, on maternal age is Note that the loadings highlighted in red are relatively large ineach column. significant. In terms of cluster analysis results, women in clusters 1 and 5 have a significant high level of PC8 (dominated by all OCs, PFOA, Pb and Cd) than the rest. Also, women in cluster 4 have a significantly higher level of cadmium among all six clusters.
ANOVA and regression
PC scores
3.5.1. PC3 and PC4 scores PC3 and PC4 scores were dominated by the same chemical mixtures (dimethylarsinic acid (DMAA), dimethylthiophosphate (DMTP), dimethylphosphate (DMP), perfluorooctanoic acid (PFOA), perfluorooctane sulfonate (PFOS), and perfluorohexane sulfonate (PFHxS), as shown in Table 5 ) and all dominating values of the corresponding eigenvectors for the chemicals were positive, with the exception of PFOA, PFOS, and PFHxS for PC3. Intuitively, PC4 should be a better component to identify the association between the scores and the characteristics of the participants since almost all of its loadings are positive, suggesting that higher scores indicate higher exposure. The fact that PC3 has some negative and some positive values is more difficult to interpret; however, the p-values for many of the associations of PC3 with socio-demographic characteristics are significant. In an effort to explain these results, scatterplots of PC3 and PC4 scores by socio-demographic variables were created (Fig. 2) . These show a moderate negative linear correlation between the PC3 and PC4 scores. Further investigations (Supplemental material, Figs. S1-S3) demonstrated that, given the characteristics of the participants, the participants who had higher concentrations of PFOA, PFOS, and PFHxS had relatively lower concentrations for DMAA, DMTP and DMP. For example, in Fig. S1 those with 
Discussion
A longstanding and complex issue is how to evaluate and consequently limit exposure to chemical mixtures during pregnancy. Humans are frequently exposed to multiple chemicals and stressors simultaneously; however, previous analyses of MIREC data (Arbuckle et al., 2014; Arbuckle et al., 2015; Ashley-Martin et al., 2015; Colapinto et al., 2015; Shapiro et al., 2015; Thomas et al., 2015; Vélez et al., 2015) have investigated either exposure to or potential adverse health effects of environmental chemicals on pregnancy and infant health but with a focus on individual chemicals. Recognizing that single chemical models cannot reflect the real world of complex chemical mixtures, the present statistical analysis identified chemical mixtures and investigated the impact of socio-demographics on the type of mixtures to which pregnant women are exposed to help identify patterns of exposure to multiple chemicals. The results of cluster analysis described the selected seven socio-demographic variables simultaneously and statistical differences were noted. Kim et al. (2015) applied PCA to analyze a series of heavy metals and POPs. Scatterplots of the loadings of the components were used to examine the prenatal exposure pattern; however, this method is questionable since the loadings of the components should be used to convert the data into scores for further analysis. Agay-Shay et al. (2015) collected data from 27 endocrine-disrupting chemicals and used PCA to examine the association between the prenatal exposures and characteristics of children at 7 years old. Four principal components were generated that accounted for 43.4% of the total variance in the data. For each of the components, the participants were divided into three groups based on the factor scores and the association between the characteristic and exposure were examined within tertiles. Robinson et al. (2015) evaluated 81 chemicals (also categorized into 13 exposure families) in blood/urine samples obtained throughout pregnancy for 728 women in the INMA birth cohort during 2004 to 2006 and applied PCA to each exposure family and across all 81 exposures. Only the number of components required to explain certain percentages of cumulative variance by each exposure family and across all 81 exposures individually were reported in their study, and a detailed analysis by demographic variables was not included. Veyhe et al. (2015) analyzed 22 chemicals (eight PCBs, four OCs, five essential and five toxic elements) in serum or whole blood of pregnant women recruited as part of the MISA Study in Northern Norway along with the characteristics of the participants. The first six PCA components which accounted for 74% of the source variation were kept for further analysis. Multiple linear regressions were adopted for modeling the relationship between the components and participants' characteristics; however, the values of the coefficients of the determinations were not high (ranged from 0.04 to 0.426). The advantages of using linear regressions are to build a model for predictive purpose, while the disadvantage is the inability of the method to evaluate detailed pairwise comparisons. Our results were most similar to those reported by Veyhe et al. (2015) as chemical concentrations were found to have some associations with maternal age, parity and pre-pregnancy BMI. Other studies using principal component analysis have shown that POPs dominate one component which is consistent with our results (Kim et al., 2015; Agay-Shay et al., 2015; Robinson et al., 2015; Veyhe et al., 2015) .
By combining some results from both Table 5 and the correlation matrix (as shown in Fig. 1 ), the PCA results also captured the linear correlation structure among the chemicals. Six chemicals (PCB118, PCB138, PCB153, PCB180, OXYCHLOR and TRANSNONA) that dominated PC1 are relatively highly and linearly correlated and the largest subgroup among the 28 chemicals. PCB118, PCB138, PCB153, PCB180, OXYCHLOR and TRANSNONA are persistent organic pollutants, where the major source is meat and dairy. The highest concentrations are found in animals at the top of the food chain, including humans (Health Canada, 2005 . Therefore, we were not surprised to observe that these chemicals were highly correlated and dominate one component.
Three phthalates (MEOHP, MEHHP AND MEHP) that dominated the second component are also highly and linearly correlated. MEOHP, MEHHP and MEHP are the metabolites of di-2-ethylhexyl phthalate (DEHP) (Koch et al., 2003) ; hence, one would expect them to be clustered together. DEHP is widely used in food packaging, cosmetics and personal care products including fragrances, soft PVC products, building and furniture materials, and medical devices (Zarean et al., 2016) . DEHP has been one of the most important plasticizers used in Canada (Environment Canada, Health Canada, 1994) , so it is not surprising that human exposure to DEHP is nearly ubiquitous (Environment & Human Health, Inc., 2008) . In our study MEOHP, MEHHP and MEHP were found in N98% of the urine samples. Instead of examining if pregnant women are highly exposed to a certain chemical, PCA allowed us to examine whether pregnant women were highly exposed to a certain group of chemicals. A drawback of the principal component analysis is the difficulty of interpretation when the components have both large positive or small negative eigenvectors, as it is unable to decide which chemicals define the particular component. For the same reason it is also difficult to name the components. For cluster analysis, results may differ due to different choices of the dissimilarity matrix and linking algorithms; however, sensitivity analysis using various approaches may be used to help interpret results.
There are a number of limitations in our analysis. For chemical levels below the limit of detection, we substituted a constant (LOD/2) in order to use standard statistical methods. This substitution may lead to issues of bias and underestimated variance in hypothesis testing (Helsel, 2006; Nie et al., 2010; Nysen et al., 2012) . Imputation methods, such as regression on order statistics (Helsel, 2012) or multiple imputation by chained equations Royston and White, 2011) , are available. However, regression on order statistics is suitable for a small data set for which all nondetects are ordered and multiple imputations by chained equations require highly correlated variables. Despite these methods, further development of statistical methods to account for non-detects in multivariate analysis is a worthy endeavour. Further, only one urine sample is used to measure non-persistent chemicals which may result in measurement error.
In conclusion, our results show the association between certain socio-demographic characteristics of the population of pregnant women and the presence of residual mixtures of common chemicals in their blood and urine. The identification of patterns of chemicals and associated patterns of pregnant women with high exposures using advanced statistical approaches is an important first step of analysis. Future research would benefit from examining the effect of chemical mixtures identified in this type of analysis on the potential for adverse health effects in pregnant women or their children, in order to better inform risk assessments. Last but not least, other statistical approaches, for example a nonlinear model or a linear model including interactions between covariates, may also be considered in future analysis of chemical mixtures.
